Motivation and Methods: All living organisms and the survival of all cells critically depend on their ability to sense and quickly adapt to changes in the environment and to other stress conditions. We study stress response mechanisms in Saccharomyces cerevisiae by identifying genes that, according to very stringent criteria, have persistent co-expression under a variety of stress conditions. This is enabled through a fast clique search method applied to the intersection of several co-expression graphs calculated over the data of Gasch et al. This method exploits the topological characteristics of these graphs. Results: We observe cliques in the intersection graphs that are much larger than expected under a null model of changing gene identities for different stress conditions but maintaining the co-expression topology within each one. Persistent cliques are analyzed to identify enriched function as well as enriched regulation by a small number of TFs. These TFs, therefore, characterize a universal and persistent reaction to stress response. We further demonstrate that the vertices (genes) of many cliques in the intersection graphs are co-localized in the yeast genome, to a degree far beyond the random expectation. Co-localization can hypothetically contribute to a quick co-ordinated response. We propose the use of persistent cliques in further study of properties of co-regulation.
INTRODUCTION
The mechanisms that control and regulate cellular processes in living organisms are complex and involve several types of control, monitoring and activation/de-activation modules. These are only partially understood and the subject of continuous efforts to better elucidate. Model systems, such as Saccharomyces cerevisiae, play an important role in this study. Some of the components of the mechanisms that control gene expression in yeast are, in fact, known and can even be reproduced or manipulated in the laboratory.
All living organisms and the survival of all cells critically depend on their ability to sense alterations in the environment and then respond promptly and adequately to new situations through the induction of protective stress responses. Yeast, as well as other organisms, employ a concerted response to external stress conditions. The genomics of stress response in S.cerevisiae has been extensively studied using a variety of experimental and computational techniques. In Ruis and Schuller (1995) the authors review three mechanisms of stress response in Saccharomyces cerevisiaethe positive transcriptional control activated by heat shock elements, stress response elements and AP-1 responsive elements. They identify yeast genes with a universal stress response as well as genes with a more specific reaction profile. In a breakthrough application of a high-throughput approach, Gasch et al. (2000) use expression profiling with microarrays to measure the changes, as a function of time, of almost all yeast genes, as a result of the exposure to a variety of stress conditions. They observe that a large set of genes ($900) show drastic response to most of the studied conditions. They also study the correlation between the response patterns of genes in single stress conditions by using clustering techniques. In this article we study the sets of genes that seem to be persistently and strongly co-ordinated as part of the stress response mechanism, not restricted to a single specific condition.
For every stress condition we define the co-expression graph to be an undirected graph whose vertices correspond to genes, and the vertices of two genes are connected by an edge if their expression profiles are sufficiently correlated. Namely, the p-value of the Pearson correlation between the expression patterns of the two genes is statistically significant (p-value <0.01). Two genes are said to be co-co-expressed in stress conditions A and B if their expression patterns in both time-courses correlate; alternativelyif they have an edge connecting them in both co-expression graphs. The k-stress persistence graphs (k-pers) are the intersection graphs of sets of k co-expression graphs. By studying cliques in k-pers graphs we impose very stringent conditions of co-ordination on sets of genes. They must all be highly correlated with each other in all conditions under consideration.
The persistence of co-expression in different organisms was studied by Bergmann et al. (2004) who compared the expression profiles of six organisms. They found that co-expression is often conserved among organisms although the contribution of sets of genes to the overall expression varies.
In yeast the activation of stress response has been associated with the activity of a small number of transcription factors (TFs) that regulate complex expression patterns of a large set of genes. In Pilpel et al. (2001) the authors study the joint effect of TFs on gene expression in yeast, developing a framework for understanding the combinatorics of transcription regulation and observe that a small number of TFs regulate response to stress. Hvidsten et al. (2005) develop a rule-base mechanism for predicting stress related co-expression. In this study we used TF to mRNA association data (Harbison et al., 2004) to identify persistent cliques with enriched association to very few TFs. We also find persistent cliques to be functionally enriched using GO-term analysis.
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Finally, we observe an interesting relationship between persistent cliques and the genomic location of member genes. This significant proximity between genes that are persistently co-expressed under several stress conditions might indicate that the cell is using genomic proximity to facilitate prompt co-activation as response to stress.
The structure of this article is as follows: We start in Section 2 with some details regarding the expression data used, properties of the co-expression graphs, and the relationship between the different stress conditions. Then, Section 3 presents our approach and the main results. Finally, Section 4 gives a comprehensive description of the computational and statistical methods used.
DATA AND CO-CO-EXPRESSION GRAPHS
In our analysis we used the expression dataset from Brown's group (Gasch et al., 2000) . We removed genes with >25% missing expression values resulting in 6151 genes, and completed the remaining absent values in the data (less than 2%) with average expression levels of the relevant time series.
To investigate the network structure revealed for the stress conditions, we used a well-established topology property of connectivity distribution of a co-expression graph. We found that under all stress condition the obtained co-expression graph is power-law distributed, namely for k being the number of edges of a particular gene, the distribution is n(k) / k Àg with exponent g ¼ 1.2 À 1.8. We note that in order to obtain the connectivity distribution we used a standard logarithmic binning. The boundaries of the bins were powers of two, and we counted the number of genes between two boundaries and normalized by the bin width. We applied the linear fit to the log values of the bin centers against the normalized counts. These findings are consistent with the ones of Bergmann et al. (2004) and extend them to hold under different stress conditions.
To study the relationship of the different stress conditions we constructed co-co-expression graphs for each pair of conditions. We then performed hierarchical clustering using average-linkage neighbor joining (NJ) (Saitou and Nei, 1987) , considering two similarity measures: number of edges in each graph and a correlation computed for all edges.
The tree constructed using the measure of number of edges in the co-co-expression graphs is illustrated in Figure 1 . The other measure of correlation for all edges in the graphs was computed as follows. For each stress condition, we computed a co-expression vector where each entry corresponds to the co-expression of a pair of genes under this stress condition. Perfect identity between two stress conditions is achieved when each pair of genes is co-expressed identically under both conditions. The correlation was computed via standard linear-regression method where the data was divided into 10 bins on one of the stress conditions, while averaged on the other condition. For symmetry, we also computed the correlation coefficients when binning on the other stress condition, and used the average of the two coefficients as the similarity measure. More details regarding these computations appear in Section 4.4. The results are shown in Figure 2 . To verify the significance of the correlations, we ran 100 random tests for each pair of stress conditions. In each test, the topology of the co-expression graphs was maintained by shuffling genes in one of the conditions. The average correlation in these random experiments for all pairs of conditions was 0.029 with standard deviation of 0.011. Figure 3 shows the correlation between the two stress conditions HEAT SHOCK2 and DIAMIDE after binning on each of the conditions, as well as the best correlation from 100 experiments 1 The stress conditions names are the ones used by Gasch et al. (2000) .
Fig. 1.
A hierarchical tree representing the distances in terms of number of edges in co-co-expression graphs of 19 stress conditions. The tree was constructed using an average-linkage neighbor-joining method. when shuffling the genes in the vector that corresponds to the expression levels under DIAMIDE stress condition.
The two trees constructed by hierarchical clustering agree on most relationships between the stress conditions. However, some of the results are not conclusive and two conditions that appear to behave similarly with one measure may appear distant when using the other (e.g. DDT1 and DTT2). Based on these results , we reduced the number of stress conditions to 12, by eliminating 7 of the original 19 conditions. First, one experiment of every condition under which two experiments were conducted was removed (HEAT SHOCK2, CAR2 and CT2). This reduction was motivated by the relative proximity of each such pair of experiments in the NJ tree. The only exception is the pair of DTT experiments which did not exhibit similar expression profile, and thus were both removed.
In addition, the two non-stress experiments, YPD1 and YPD2 were excluded and used only as reference profiles (Section 3).
APPROACH AND RESULTS
Here we present our approach and describe the obtained results.
Cliques
Genes with persistent co-expression across several stress-conditions are of special interest as they are likely to be involved in a universal stress response mechanism. Studying graphs of genes with persistent behavior is enabled through analyzing cliques in the k-persistence graphs.
A clique of a graph G is defined as a complete subgraph of G. In the co-co-expression graph cliques correspond to groups of genes with highly similar expression under several stress conditions. Naturally, we are interested in large cliques andin this paper confine our study to maximal cliques (e.g. cliques of maximum size) and cliques of size close to maximum.
We extracted maximal cliques from all k-stress persistence graphs for 2 k 12, and examined their properties. First, we analyzed the typical clique size for every number of stresses, as shown by Figure 4a . Surprisingly, we found extremely large cliques even when the number of stresses considered is large. For example the maximal clique size in 5-stress persistence graphs was 27 for the set of 5 stresses-NITROGEN DEPLETION, HEAT SHOCK1, 20MIN HEAT, DIAUXIC SHIFT and DIAMIDE-and for 3-stress persistence graphs was 53 for the set SORBITOL 29-33, HEAT SHOCK1 and DIAMIDE. Such large cliques indicate that genes tend to behave similarly under several stress conditions much more than expected by random. To show this, we examine the distribution of the size of maximal cliques in k-stress persistence graphs for k ¼ 2,3, where the genes were shuffled before intersecting the co-expression graphs. This distribution, which is plotted in Figure 4b , was taken from 100 random graphs for each set of stress-conditions, which amounts to 6600 graphs for k ¼ 2 and 22 000 for k ¼ 3.
Some genes that are involved in fundamental processes are co-expressed even when not under stress. This co-expression may be important for the basic functions regardless of the existence of stress. Thus, to separate cliques of genes that are co-expressed everywhere from these introduced only under certain stress conditions, we calculated the percentage of pairs of genes in each clique that are connected by an edge in expression profile under regular conditions taken from Spellman et al. (1998) . Figure 5 plots the distribution of percentage of conserved edges when there is no stress. Note that most cliques are highly conserved and to study regulation under stress we therefore want to focus on the cliques that are not conserved as explained in Section 3.2.3. The full table with the cliques and the percentage of edges that appear when not under stress is available in the Supplementary Data. We ran an identical analysis using expression levels reported in Gasch et al. (2000) for non-stress experiments YPD1 and YPD2 and received similar results.
Enrichment
Cliques in k-persistence graphs that exhibit significant enrichment levels to some feature can indicate a connection between this feature and a common process in which genes of the enriched clique participate. In addition, enriched cliques can be used as a tool to associate or link genes in the clique, for which no information is known.
We study the enrichment of two important types of featurestranscription regulation factors, which are known to regulate certain genes, and Gene-Ontology (GO) annotations, which, associate genes to functions or processes, and provide a biologically interesting example, that incorporates enrichment for these two types of features.
Transcription factors
The response of S.cerevisiae to diverse stress conditions is hypothesized to be regulated by a small number of transcription regulation factors (TFs) (Hvidsten et al., 2005; Pilpel et al., 2001) . Therefore, these transcription factors are expected to regulate a relatively large number of genes under several stress conditions. These genes should furthermore be persistently co-expressed.
To examine the hypothesis we analyzed the TF enrichment in cliques of k-stress persistence graphs. TF with targets enriched in a certain clique is assumed to be driving the co-expression. Therefore, enriched TFs are driving universal stress response. This approach is complementary to that of Hvidsten et al. (2005) who developed a mechanism for predicting an expression pattern for given transcription factor binding sites present in the promoter region of a gene. Figure 6 We examined also the enrichment of cliques to pairs of TFs. As expected, significant enrichment (p-value < 10 À6 ) was observed only for a few pairs: (RAP1,FHL1), (RAP1,SFP1), (FHL1,SFP1), (PAC,ABF1), (PAC,mRRPE) and (ABF1,mRRPE). Note that all pairs consist only of the six TFs reported to be enriched by themselves. Moreover, this set divides into two triplets, which appear to be synergistic. These results partially support the results of Pilpel et al. (2001) , where PAC and mRRPE are reported to be synergistic. We suggest that similar relations exist for the rest of the pairs as well.
GO annotation
Gene-Ontology annotations help in classifying genes according to their function and the processes they participate in, and in interpreting experimental results.
Not all genes have been associated with a GO-term. Actually, in S.cerevisiae there are 599 unannotated genes. We suggest the use of cliques that are significantly enriched with a specific GO-term but also contain unannotated genes as a tool to help annotate these genes. 
Gene expression in yeast stress conditions
We computed the enrichment of cliques with the different GOterms, and like in TF enrichment, found that the cliques are enriched only with 19 GO-terms (see details in Supplementary Data).
Example
The maximal clique in the 5-stress persistence graph of the conditions NITROGEN DEPLETION, HEAT SHOCK1, 20MIN HEAT, DIAUXIC SHIFT and DIAMIDE is of size 27 and consists of the 25 genes as in Figure 7 and of two ORFs not fully associated with genes: YLL044W and YLR062C.
All genes but the two ORFs belong to the same GO-term, namely protein biosynthesis (number 6412), yielding an enrichment p-value of 1.9 · 10
À9
. A careful examination shows that all are related to ribosomal activity. According to our approach it is reasonable to assume that the two unannotated ORFs are also related to ribosomal activity and should be associated with protein biosynthesis GO-term. Furthermore, our findings validate that the two ORFs, YLL044W and YLR062C, for which there is no known protein product, do indeed code to proteins. In addition, the clique is highly enriched with two transcription factors: FHL1 (17 out of 27 genes yielding a p-value of 5.7 · 10 À22 ) and RAP1 (15 out of 27 genes yielding a p-value of 7.3 · 10 À16 ). These two TFs are known to control ribosomal activity (Lee et al., 2002; Pilpel et al., 2001) . The table in Figure 7 shows the genes in the clique along with an indication of which of the six TFs enriched in cliques controls the regulation of these genes. Note that only a few genes in the clique are regulated by TFs other than FHL1 and RAP1: seven genes are regulated by SFP1 (all are regulated also by FHL1) and a single gene is regulated by mRRPE. Strong enrichment (p-value 7.1 · 10 À18 ) of the clique for the pair of TFs FHL1 and RAP1 is also observed, when 14 out of 27 genes in the clique are regulated by both TFs.
To verify that this co-expression clique is indeed a result of stress and such co-expression does not occur without stress, we counted the number of edges in the clique which also appear in a cell-cycle expression experiment (Spellman et al., 1998) and found that <55% of the edges are conserved in this experiment.
Although this large clique is persistent in 5-stress conditions, the co-expressions of the genes in the clique are a response to these specific five conditions: when adding, for example, the stress condition CT1 the maximal clique in the 6-stress persistence graph is only of size 6.
Genomic distance and co-expression
Previous works indicated the correlation between genomic proximity and genes that participate in the same metabolic pathways (Hurst et al., 2004; Overbeek et al., 1999) . We analyze the k-stress persistence graphs to study the relationship between co-expression and genomic proximity and show that not only that genes which are co-expressed tend to be closer on the genome, but that their proximity is higher in graphs that represent greater persistence (i.e. large k-values). The distribution of genomic distance of genes connected by an edge as a function of the number of stress conditions is shown in Figure 8a , and the evidently decreasing average distance in Figure 8b . This average is low even for 2-stress persistence when compared with the expected random distance between genes on the same chromosome which is 378 350 bp. In addition to the distance of genes, measured only for pairs on the same chromosome, we also computed the fraction of genes connected by an edge that are in fact on the same chromosome. As shown in Figure 8c this value increases as the number of stress conditions considered is larger. Furthermore, the expected random fraction of 7.54%, which is depicted for reference, is lower than the fractions observed for the co-co-expression graphs.
COMPUTATIONAL AND STATISTICAL METHODS

Cliques
A clique in a graph G ¼ (V, E) is defined as a complete subgraph of G, namely, a subset V 0 V such that for each pair of vertices v 1 , v 2 2 V 0 the edge e ¼ (v 1 ,v 2 ) is in E. In general, the problem of finding the maximum clique for a given graph is NP-hard (Karp, 1972) , and usually heuristics are used to solve this problem. Unfortunately, all known methods work quite poorly on large graphs. We propose to use the special connectivity distribution of the co-co-expression graphs to efficiently find maximal cliques. The power-law distribution property helps to prune the search space drastically by first finding a trivial lower bound on the size of a clique and then iteratively discarding nodes with degrees less than this bound.
To efficiently solve the max-clique problem we employ the search algorithm Depth-First Branch and Bound (DFBnB). Given a group of vertices V, we decide on some order v 1 , . . . , v n . At each depth i in the search tree we decide whether to include or exclude the vertex v i from the chosen subset of vertices. We refer to the vertices that are included in the chosen subset as the included set, I, and to the excluded vertices as the excluded set, X. The rest of the n À m (undecided) vertices at that point are called the free set, F. Each node at the lowest level n defines a unique candidate subset C V, according to the vertices that are in the included set (C ¼ I). Target nodes are those for which C is a clique and the score of each target node is defined as the size of the clique corresponding to that node (jCj). For each node N we define g(N)-the size of the included set I; h(N)-a heuristic estimation (upper bound) on the number of vertices that will be added from the free set in order for the subset to become a clique; f(N) ¼ g(N) + h(N)-an upper bound on the clique size which can be obtained by adding vertices from the free set to the current included set. The DFBnB algorithm will search for a target node (clique) that maximizes f(N), thereby designating a maximal clique. Owing to the power-law nature of the expression networks which are the input graphs, strong pruning is conducted via a simple lower bound on the maximal clique's size and recursively removing all nodes which do not have a corresponding degree in the graph. This pruning allows us to handle and quickly find maximal cliques in large graphs containing millions of nodes as the common k-stress persistence graphs.
The algorithm is described in details in Figure 9 .
Enrichment
In order to evaluate the enrichment level of cliques to a specific feature (e.g. certain transcription regulation factor or GO term), we use the Hyper-Geometric (HG) distribution. This measures the probability that a subset S of n independent objects from a larger set of N objects is enriched with a given feature f. Namely, that at least k objects in S have feature f, while this feature is associated with K out of N objects in the entire set. Formally
Since we examine the enrichment levels of multiple cliques for each feature, we correct the p-values of the HG test by multiplying it with the number of cliques tested.
Co-location
The genomic distance of k-stress persistence is defined to be the average genomic distance over all edges in all k-stress persistence graphs. This distance is measured only on edges which connect pairs of genes on the same chromosome.
The expected random distance between genes on the same chromosome is 378 350 b, and the overall fraction of genes on the same chromosome in S.cerevisiae is 7.54%. To verify that the expected distance is maintained for graphs with topology such as the k-stress persistence graphs, we shuffled the genes names 100 times for each graph, and measured the average distance. In the same manner we also measured the random fraction of genes connected by an edge which are on the same chromosome.
Correlation by binning
The dispersion of the data is an intrinsic problem in biology. The noise in the measurements and poor annotation increase the inherent variability. To ascertain underlying data trends, we use logarithmic Gene expression in yeast stress conditions and linear binning procedures. Given a set of points (x, y) and the axis on which we perform the binning (without loss of generality we explain here for Y axis), we divide axis Y into M intervals (bins). Linear binning divides axis Y uniformly, namely, each bin size D ¼ (b À a)/M where a and b are the minimal and maximal values on the binned axis, respectively, and f ¼ b(y i À a)/Dc is the bin index we assign to a data point (x i , y i ). For each bin f we create a point (x f , y f ) where y f ¼ a + D(f + 1) and x f is the average of all x i in this bin. Logarithmic binning is similar to linear binning in all but the bin size D ¼ (1/M) log (a/b) and f ¼ logð y i a Þ/D. As before, for each bin f we create a point (x f , y f ) where y f ¼ ae D(f+1) and x f is the average of all x i in this bin. The advantage of both procedures is in elevated degree of noise reduction but the logarithmic binning is usually used to correct the skewed nature of the scale-free distribution (Albert et al., 2000) .
